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A B S T R A C T

During an Ebola virus disease (EVD) outbreak, the analysis and forecasting of the incidence in real time is
challenged by reporting of cases, especially the reporting delay. It should be remembered that the latest count of
cases is likely underestimated in real time, and moreover, the effective reproduction number, i.e. the average
number of secondary cases generated by a single primary case at a given point in time, is also underestimated
without proper adjustment. The present study aimed to adjust the reporting delay to appropriately estimate the
latest incidence and obtain short-term forecasts from weekly reporting data of EVD in North Kivu, the
Democratic Republic of the Congo (DRC). A semi-structured modeling approach was taken, accounting for re-
porting delay which can depend on time. The mean reporting delay was estimated at 11.6 days (95% CI: 11.3,
11.9) and the standard deviation was estimated to have changed from 26 November 2019 from 8.5–6.0 days.
Nowcasting was successfully implemented by account for the time-dependent reporting delay: it mostly con-
tained future observed values within the 95% confidence intervals, but there were failures when the reported
incidence abruptly changed over time. Forecasting was also exercised in a similar manner to the nowcasting,
while we imposed an extrapolation approach to the effective reproduction number for two future weeks. Moving
average of the reproduction numbers for a few weeks prior the latest time of observation outperformed other
extrapolations. The information that we can gain from real time (i.e. sequential) update of “situation report” can
be considerably improved by integrating the proposed nowcasting and forecasting to the surveillance system.

1. Introduction

Since the first outbreak of Ebola in Sudan, 1976 (Report of a WHO/
International Study Team, 1978), there have been recurrent introduc-
tions of Ebola virus disease (EVD) from animals to humans. Even
though the largest ever epidemic in West Africa from 2014-16 was
successfully contained and lessons were learnt, there are still obstacles
in managing the EVD outbreaks swiftly. The Democratic Republic of the
Congo (DRC), situated in central region of Africa, preserves a natural
habitant of bat species and wildlife primate species are also seen in the
forest, allowing frequent emergence of EVD in humans via cross-border
transmission at the human-animal interface (Barry et al., 2018; Ponce
et al., 2019). As a result, the country has experienced two different
outbreaks within the same year, 2018. The first outbreak in Équateur
province was successfully controlled by late May 2018. The second
outbreak in North Kivu and Ituri and the country’s tenth Ebola outbreak

erupted in July-August and has not been seen to be stopped after nine
months. The toll counts reached more than 1200 cases and the outbreak
is ranked as the second largest of recorded EVD epidemics in humans
across the world as of the end of the year 2018. While the earlier
outbreak in DRC, 2018 came to the end, and the Ministry of Health
(MOH) and the World Health Organization (WHO) declared the end on
24 July 2018 (WHO, 2018a), and another emergence with a confirmed
Ebola case was ironically reported in the same country on 1 August
2018 (WHO, 2018b). The latest outbreak is 10th recorded emergence in
the DRC, and due to sustained chains of transmission over an extended
period longer than 6 months in east forest zones, there has been a
concern toward the cross-border spread to Uganda and Rwanda. WHO
revised its risk assessment and elevated the risk at national and regional
levels from high to very high on 28 September 2018 (WHO, 2018c).

Due to a difficulty in approaching the regional community, it has
been challenging to control the outbreak in rural regions of North Kivu

https://doi.org/10.1016/j.epidem.2019.05.002
Received 14 February 2019; Received in revised form 24 April 2019; Accepted 2 May 2019

⁎ Corresponding author at: Graduate School of Medicine, Hokkaido University, Kita 15 Jo Nishi 7 Chome, Kitaku, Sapporo, Japan.
E-mail address: nishiurah@med.hokudai.ac.jp (H. Nishiura).

1 Equal contribution.

Epidemics 27 (2019) 123–131

Available online 03 May 2019
1755-4365/ © 2019 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/BY-NC-ND/4.0/).

T

http://www.sciencedirect.com/science/journal/17554365
https://www.elsevier.com/locate/epidemics
https://doi.org/10.1016/j.epidem.2019.05.002
https://doi.org/10.1016/j.epidem.2019.05.002
mailto:nishiurah@med.hokudai.ac.jp
https://doi.org/10.1016/j.epidem.2019.05.002
http://crossmark.crossref.org/dialog/?doi=10.1016/j.epidem.2019.05.002&domain=pdf


and Ituri from 2018-19. Geographically, different armed groups with
conflict have been seen in North Kivu, preventing international orga-
nizations from intervening and tracing contacts. On 16 November 2018,
once the United Nations Organization Stabilization Mission in the DRC
in Beni experienced a violent interference of their contact tracing and
vaccination practice, their practice had to be suspended (WHO, 2018d).
In the end of 2018, protesters toward the presidential election in late
December physically intervened activities of Ebola treatment center in
Beni (WHO, 2018e). Consistent diagnosis and reporting as well as
contact tracing have been challenged by political instability.

In such a circumstance, the analysis and forecasting of the epidemic
in real time is challenged by reporting, especially the reporting delay, as
echoed by a recent nonparametric estimation study (Tariq et al., 2019).
While the reporting delay has been already recognized as critical in
analyzing other epidemic datasets (Reijn et al., 2011; WHO, 2018f), it is
even more so in the setting of the latest EVD outbreak in the DRC. The
reported latest incidence by the week of illness onset is underestimated
due to reporting delay, and therefore, it must be remembered that the
latest count of cases is likely underestimated (Hahné et al., 2009; White
et al., 2009), and moreover, the effective reproduction number, i.e. the
average number of secondary cases generated by a single primary case
at a given point in time, is considerably underestimated without proper
adjustment (Cowling et al., 2010). Instead, appropriately accounting for
the reporting delay, we could offer an avenue to obtain a short-term
forecast of the epidemic. Nowcasting and short-term forecasting at a
local setting are expected to improve the situation awareness among
healthcare experts as well as public health policymakers and local re-
sidents (Finger et al., 2018; Funk et al., 2018).

We thus believe that devising a simplistic model to allow a real-time
interpretation of the epidemic is of utmost importance. The present
study aims to adjust for reporting delay to appropriately estimate the
latest incidence and obtain short-term forecasts from coarsely reported
incidence data of EVD in the DRC.

2. Materials and methods

2.1. Epidemiological data

The numbers of cases by week of illness onset and also by week of
report were extracted from governmental organizations that publicly
announced the information, i.e., WHO AFRO External Situation Reports
on Ebola virus disease in DRC (WHO AFRO SitRep) (WHO, 2019), WHO
Disease outbreak news (WHO DON) (WHO, 2019), and WHO AFRO
Weekly bulletins on outbreaks and emergences (WHO AFRO OEW)
(WHO AFRO, 2019). The datasets from all three sources rested on the
daily update of EVD from the MOH, DRC and were used for estimating
the reporting delay. Despite irregularity in the reporting intervals,
multiple snapshots of the epidemic curve by illness onset and reporting
week for 2–3 times were obtained every week, and including the data
up to the first week of April 2019, there have been a total of 82 snap-
shots obtained. Fig. 1 shows six different snapshots, approximately se-
parated by one month.

Forecast evaluation was performed by comparing the nowcasted/
forecasted weekly counts against reported (observed) counts of la-
boratory confirmed cases by MOH. The forecasting exercise was per-
formed during the first six months of the outbreak. We focused only on
the counts of laboratory confirmed cases, because we believe that the
process of addition and removal of probable cases cannot be tackled by
our modeling approach in a straight forward manner.

We observed that counts of laboratory confirmed cases were dif-
ferent even on the same observation date, greatly varying by snapshot
of the epidemic curve (i.e. different by reporting date). Confirmed cases
reported in the early phase of the outbreak have been more likely to
have involved a discrepancy in their counts among different snapshots,
especially between epidemic curves before and after mid- to late-
November. There has been a correction in temporally distributing cases

according to their time of illness onset through reconciliation of records
and also by removal of duplicated cases (WHO, 2019). Such correction
took place in other calendar times too, but the abruptness was not as
large as that seen in November.

2.2. Modelling delay distribution

Firstly, we estimate the reporting delay distribution by using an
equation for forward calculation of the epidemic snapshot (Tsuzuki
et al., 2017). To project the number of unreported cases at a given latest
time point, we first estimated the distribution of the reporting delay,
exploring a total of 82 snapshots of epidemic curve over time com-
paring them with later curves (Tsuzuki et al., 2017). Supposing that

= …x k m, 1,2, , ,k represent the reporting time, and let us denote the
latest reporting time ′x , all datapoints in the curve x are given by
weekly counts ct x, that are arranged by the week of illness onset. The
expected number of reported cases in week t can be written as follows:

=E c θ j F τ θ( ; ) ( ; ),t x t, (1)

where E (.) represents the expected value, = − +τ x t 1 (day) is the gap
time from illness onset data to the reporting date x (with one more day
due to possible report on the latest day), and F τ θ( ; ) represents the
cumulative distribution function of the delay from illness onset to re-
porting with a set of parameters θ that we would like to estimate. jt is
the actual number of cases by illness onset time t. We examined four
possible statistical distributions as candidates for describing the delay
function F , i.e., Weibull, gamma, log-normal, and exponential dis-
tributions, and chose the one with the smallest Akaike Information
Criterion with a correction for small sample size (AICc) value.

For each epidemic curve x, we reassert the expectation ′E c θ( ; )t x, as:

= ⋅ − + − +′
′E c θ c F x t θ F x t θ( ; ) ( 1; )/ ( 1; ),t x t x, , (2)

to avoid an explicit identification of jt, and estimate parameters θ by
maximizing the likelihood that assumes that the latest number of cases
by week of illness onset follows a Poisson distribution:
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where x k( ) represents the latest date of reporting for an epidemic curve
k and t0 is the first observed date of reporting for all epidemic curves
(i.e., t0 =30 April 2018) and m is the number of epidemic curves
( =m 81). Depending on whether the delay distribution is stable over
the course of the outbreak, or varies with time, we examined the dis-
tribution with or without a change point in statistical moment of the
distribution. If the change occurs in a week, the reporting delay of cases
with the illness onset before the change point follows a distribution
with parameters =θ θ1, and all cases who developed illness after the
change point are reported with the delay that is governed by para-
meters = ≠θ θ θ .2 1 For a given ′x , we compare two models with a stable
delay distribution and the one that accounts for one change point, again
comparing the AICC.

The maximized likelihood method was employed to obtain point
estimates =θ θ̂ as well as the Hessian matrix H θ( ˆ). The latter allowed
us to construct confidence intervals (CI) by implementing parametric
bootstrapping. To do so, we designed a dataset of parameters θ sampled
from the multivariate normal distribution with the mean θ̂, and took
2.5th and 97.5th percentile points of the simulated distribution as the
95% CI.

2.3. Nowcasting implementation

We assessed the number of unreported cases by sampling them from
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a negative binomial distribution, as assumed elsewhere (Champredon
et al., 2018; Cowling et al., 2010). The distribution has two parameters:
the number of already reported cases ct x, and the probability of not
reported = −p θ F t θ( ) 1 ( ; )t x, . As Champredon et al. (2018) indicated
in an elegant manner, ct x, describes the number of “failures” and p θ( )t x,
represents the probability of “success” according to the failure-counting
definition of the negative binomial distribution. The 95% CI of the total
number of cases including reported and not yet reported was computed
to quantify the uncertainty in parameters θ sampled from multivariate
normal distribution and the total number of cases sampled from nega-
tive binomial distribution.

To assess how well the delay distribution allows us to nowcast the
total number of cases, we nowcasted recent cases for three epidemic
curves as a function of the illness onset time on 11 November, 2
December 2018 and 6 January 2019 and compared them to the latest
epidemic curve reported on 7 April 2019. The performance of the
nowcasting for the last four data points, i.e. − < ≤x t x( 4 weeks) was
assessed by the absolute and the relative root-mean-square error
(RMSE), the bias, the log-likelihood value, the log scores, following a
proper scoring rule from “Forecast the Influenza Season Collaborative
Challenge” (FluSight) (Reich et al., 2019). We followed the classical
definition:

=′ ′εRMSE mean( ) ,
x x t x x,
(abs)

, ,
2

(4)

where = −′ ′ε c cmedian(ˆ )t x x t x t x, , , , is the difference between nowcasted
counts based on the epidemic curve x and counts reported at the latest
epidemic curve ′x . The values of the relative RMSE and bias were de-
fined according to Li et al. (Li et al., 2018):

= =′ ′ ′ ′ε εRMSE mean( ) , bias median( ),
x x t x x x x t x x,
(rel)

, ,
2

, , , (5)

respectively, where the log-transformed difference is
=′ ′( ( ) )ε c clog median ˆ / .t x x t x t x, , , ,

We followed Reich et al (2019) to define the “proper score” for
which any predicted value ĉt x, with a deviation of no more than 3 cases
from the observed number ′ct x, is regarded as accurate. Obtaining
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Fig. 1. Epidemic curves of Ebola virus disease in the Democratic Republic of the Congo (DRC) from July 2018 – April 2019 and estimates of the mean and
standard deviation (SD) of reporting delay. The epidemic curves for laboratory confirmed cases of Ebola by week of illness onset (A) and by the week of reporting
week (B), as reported by the World Health Organization, Regional Office for Africa (WHO AFRO). Among the total 82 available epidemic curves, six epidemic curves
including the curves of the first week of each month and the latest curve of the Ebola epidemic in DRC are shown. (C) Mean (11.7 days, 95% CI: 11.6, 11.7) and SD
(7.0 days, 95% CI: 6.9, 7.1) of reporting delay via Weibull distribution that does not account for the change point of the statistical moment, based on the latest
epidemic curve (i.e., reported on 7 April 2019). Red line indicates the estimates and grey shades present 95% confidence interval. (D) Using the best delay function
with change point (i.e., 26 November 2018), stable mean and time-dependent SD, estimated mean was not changed, but SD decreased after the change point from
8.5–6.0 days. Lines and shade present estimates and 95% confidence intervals of each estimate, respectively (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article).
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The proper score is given by the exponent of the log score:
=AS e .x

LSx Contrary to LSx, a scale of ASx can be explicitly interpreted:
it yields a score equivalent to the geometric mean of the probabilities
assigned to the observed outcome ′x (Reich et al., 2019).

2.4. Forecasting implementation

We project the number of unreported cases = −c c c˜ ˆt x t x t x, , , ( ≤t x) on
two future weeks, i.e., = +t x τ( ),1 1 and = +t x τ( )2 2 where =τ 71 and

=τ 14 days2 . It results in sampling the cases from a multinomial dis-
tribution:

∑ = = =
≤

c size c prob p k˜ Multinomial( ˜ , { }), {1, 2},t x t x t x t t x{ }, , , ,k k (6)
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The obtained (resampled) numbers from a multinomial distribution,
i.e., c t x{ },k constitute the so-called “forecast” with a lower bound, be-
cause they do not involve any new incidence after the reporting time of
epidemic curve x . We thus consider several alternative scenarios to
predict future in a mechanistic manner. Specifically, we consider pre-
dicting the time evolution of the effective reproduction number Rt in
week t and also we construct polynomials of different degree to impute
future Rt. As for the former, moving average of Rt for two and three past
weeks or assuming an identical Rt to the latest estimate were con-
sidered. When polynomials were employed, we considered linear,
quadratic and cubic functions to model Rt over the past five time points
to predict Rt for two future weeks. Lastly, as part of the evaluation
metrics of forecasting, we employed the median log-likelihood that is
assumed to follow a Poisson distribution:

∑= − −
≤

′ ′ ′ ′( )c c c cloglk log(median(ˆ )) (median(ˆ )) log ! .x x t x t x t x t x t x, , , , ,

(7)

To obtain the value of Rt for any week ≤ ′t x , we assumed that the
projected counts of laboratory confirmed cases follow a renewal pro-
cess:

=′ ′E c R c g(ˆ ) (ˆ * ) ,t x t t x, , (8)

where the symbol “*” stands for the convolution operator, i.e.:
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where gh represents the probability mass function of serial interval in
week h derived from the cumulative distribution function of the con-
tinuous gamma distribution function, G h( ), i.e., = − −g G h G h( ) ( 1)h
for >h 0 with mean at 15.3 days and standard deviation at 9.3 days
(WHO Ebola Response Team, 2014). The estimate of the effective re-
production number can be obtained by maximizing the likelihood that
is assumed to follow a Poisson distribution, i.e.,
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and, in the analytical form of estimator as
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where both sums in numerator and denominator are taken only over the
set of non-zero convolutions c g(ˆ * )t x, . The estimator of the so-called
instantaneous reproduction number in (10) based on renewal equation
was employed by numerous researchers elsewhere (White and Pagano,
2008; Nishiura and Chowell, 2009), informing the time-dependent

average of the number of secondary cases produced by a single primary
case and reflecting the time-dependent impact of public health inter-
ventions on the transmission dynamics.

In a similar manner to nowcasting procedures, forecasting was im-
plemented to impute Rt for two future weeks. The new incidence in two
future weeks, i.e., ′čt x,1 and ′čt x,2 were calculated by using the renewal
equation. By sampling the cases from a multinomial distribution, the
incidence, i.e., ′ĉt x,1 and ′ĉt x,2 were randomly sampled:
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∘

′C
t x

j
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( ) is the j -th element of the sample ′Ct x,1 .
Each forecasting method was evaluated using several metrics de-

scribed above, i.e., RMSE , RMSE , bias,(abs) (rel) proper score, and log-
likelihood. The performance of each forecast was calculated by com-
paring the forecasted numbers to the differences in cumulative counts
of reported cases between two subsequent reports. Time periods ′τ1 and

′τ2 describe two time intervals between publication of the current and
two follow-up reports.

2.5. Data sharing

The dataset and code script are available online at https://github.
com/aakhmetz/EbolaForecast2019Epidemics

3. Results

Six snapshots by reporting date, i.e., those reported on 7 October, 11
November, 2 December, 6 January 2019, 17 February and 31 March,
and also by week of illness onset are shown in Figs. 1A and B. These
curves were used for visual exposition of our nowcasting and fore-
casting procedures, out of the total of 82 snapshots as of the first week
of April 2019. Using all 82 curves, four different distributions of re-
porting delay (i.e., Weibull, gamma, log-normal and exponential) were
independently fitted to the data and the goodness of fit was compared
(Table 1). Weibull distribution with the mean of 11.7 days (95% CI:
11.6, 11.7) and standard deviation of 7.0 days (95% CI: 6.9, 7.1) was
selected as the best model, yielding the minimum AICc=9636.8
(Fig. 1C).

Fig. 1D shows the mean and standard deviation (SD) of the re-
porting delay. Using the latest epidemic curve, four possible combina-
tions of mean and SD were explored and compared (Table S1), allowing
the change point to vary over time, and the model with stable mean and
time-dependent SD yielded the minimum AICc=9423.7. Conse-
quently, it was identified that not the mean but the SD has changed

Table 1
Comparison of four candidate distributions to describe the reporting delay of
Ebola virus disease in Democratic Republic of the Congo.

Distribution Mean Standard deviation AICc

Weibull 11.7 7.0 9636.8
Gamma 12.4 8.6 9713.6
Lognormal 13.4 12.3 9950.5
Exponential 15.1 _ 10372.0

Comparison of AIC with a correction for small sample sizes (AICc) values for
four different distributions. Each AICc was calculated as

= − + + − −k LAICc 2 2ln( ) 2(k k)/( n k 1)2 , where L is the loglikelihood of re-
porting delay function and k represent the number of parameters and n is the
sample size.
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from 26 November 2019, shortened from 8.5 (95% CI: 8.1, 9.0) to 6.0
(95% CI: 5.8, 6.3) days. The identified change is consistent with the
retrospective traceback of the illness onset time that took place in
November, and subsequently, the variation of reporting delay was re-
duced, which was consistent with the analysis of reporting delay dis-
tribution over time (Figure S1).

To visually assess the performance of nowcasting, Fig. 2A shows the
comparison between observed and nowcasted data by week of illness
onset for four epidemic curves, i.e., those reported on 7 October 2018,
11 November 2018, 2 December, and 6 January 2019. Nowcasted cases
involved a large uncertainty using the epidemic curve reported on 11
November, but the cases in the first nowcasted week successfully con-
tained the observed value within its 95% prediction interval. While
later nowcasting mostly contained the observed value within the 95%
prediction interval, the second nowcasted week using the epidemic
curve reported on 2 December was an underestimate, failing to capture
an irregular increase in the incidence. The latest nowcasting result was
not assessed due to the absence of observed data, but this performance
will be seen in near future. The effective reproduction number was also
estimated accounting for the reporting delay (Fig. 2B). Table 2 sum-
marizes the performance of the nowcasting according to four different
dates of reporting. Evaluation metrics did not reveal monotonous in-
crease or decrease, reflecting several abrupt increases and decreases in
the incidence in the observed epidemic curve.

Selecting six epidemic curves distantly separated from each other
and among those that were reported on Sundays in the first six month of
the outbreak, short-term forecasts were obtained for two future weeks
(Figure S2). Comparing evaluation metrics by different model and over
time (Table 3 and Figure S3), moving average of Rt yielded better
performance of both validity and reliability than others over time
(Fig. 3). However, the performance of prediction was differently

compared by the week of forecasting. Lower bound always under-
estimated the future incidence, and the use of interpolated Rt under-
performed compared with the use of moving average. However, using
moving average of Rt , the second forecasted week yielded a large un-
certainty (Fig. 4), and this was even more so using the polynomials.
Incorporating the change point into reporting delay distribution yielded
improved fit to the observed data for later time snapshots than using the
stable (constant) delay distribution (Figures S4 and S5).

4. Discussion

The present study tackled nowcasting and forecasting of the EVD
outbreak in DRC in real time. Unlike the large epidemic in West Africa
from 2014-16, which even evoked the idea of RAPIDD Ebola forecasting
challenge (Viboud et al., 2018), the epidemic size of the latest DRC
outbreak remained relatively small, while the shape of the epidemic
curve was not smooth and unimodal. In addition, whereas spatial het-
erogeneity was anticipated, having a constant access to spatially
structured snapshot data for multiple time points has been too chal-
lenging. Nevertheless, multimodal, small-size, and spatially dependent
epidemic curve made it too difficult to apply a homogeneous model for
future forecasting purpose, because it may rely on a depletion of sus-
ceptible individuals due to natural infections. Thus, we decided to take
a semi-structured approach, accounting for the reporting delay which
can depend on time. The estimated mean reporting delay from a pre-
vious study analyzing the Ebola outbreak in DRC from May 2018 –
January 2019 was 3.3 weeks in September 2018 and declined to 1.7
weeks with narrow confidence intervals in January 2019 (Tariq et al.,
2019), which shows consistency with that of the present study (i.e.,1.7
weeks). As a result, nowcasting was successfully implemented, mostly
containing future observed values within the 95% prediction intervals,

Fig. 2. Nowcasted incidence and the effective reproduction number in the Democratic Republic of the Congo (DRC) from July 2018 – January 2019. (A)
Nowcasted incidence data by week of illness onset for four epidemic curves. Each line indicates the median, while dark and light shades show the interquartile range
and 95% confidence intervals, respectively. (B) The effective reproduction number of Ebola virus disease outbreak in the DRC as estimated from the nowcasted
number of cases. Median, interquartile range and the 95% confidence intervals of the effective reproduction number are shown as in (A). Green striped shades
represent values that were reported on 7 April 2019, i.e. the latest epidemic curves (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article).

Table 2
Performance of the nowcasting by different reporting date.

Epidemic curve (reporting date) Change point RMSE(abs) RMSE(rel) Proper score Bias AICc The latest nowcasted value included the actual value

7 Oct 2018 17 Sep 2018 20.1 0.3 0.0 0.1 57.4 No
11 Nov 2018 5 Nov 2018 9.7 0.1 0.3 0.0 101.5 Yes
12 Dec 2018 5 Nov 2018 17.3 0.2 0.0 0.1 74.0 Yes
6 Jan 2019 5 Nov 2018 5.0 0.1 0.4 0.0 33.5 Yes

Epidemic curve shows the date on which the corresponding incidence was released. The change point indicates the change in the parameter (i.e. standard deviation)
of delay distribution. All characteristics RMSE , RMSE ,(abs) (rel) proper score, bias, and AICc are derived only for the last four data points prior the reporting date.
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Table 3
Forecasting performance by different reporting date and extrapolated reproduction number for two future weeks.

Epidemic curve (reporting
date)

Extrapolation method of the reproduction
number

RMSE(abs) RMSE(rel) Proper
score

Bias AICc Weight The latest nowcasted value included
the actual value

6 Jan 2019 Lower bound: ≡R 0tk 23.6 0.5 0 −0.4 79.9 0.0 Yes/No
Identical to the last Rt : =R Rtk x 15.6 0.2 0.1 −0.2 25.2 0.1 Yes/No
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

14.2 0.2 0.1 −0.1 20.8 0.7 Yes/No

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

14.9 0.2 0.1 −0.1 22.9 0.2 Yes/No

Linear approximation 17.0 0.3 0.1 −0.2 30.5 0.0 Yes/Yes
Quadratic polynomial 20.5 0.4 0.1 −0.3 50.5 0.0 Yes/Yes
Cubic polynomial 22.0 0.5 0.1 −0.3 62.7 0.0 Yes/Yes
Model averaging 14.9 0.2 0.1 −0.1 22.9 Yes/No

16 Dec 2018 Lower bound: ≡R 0tk 13.2 0.3 0.0 −0.3 23.5 0.0 No/No
Identical to the last Rt : =R Rtk x 7.6 0.1 0.2 −0.1 9.0 0.3 Yes/Yes
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

6.0 0.1 0.3 0.1 7.9 0.6 Yes/Yes

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

9.9 0.2 0.1 0.1 12 0.1 Yes/No

Linear approximation 12.6 0.3 0.0 −0.3 22.3 0.0 No/No
Quadratic polynomial 12.6 0.3 0.0 −0.3 22.3 0.0 No/No
Cubic polynomial 12.6 0.3 0.0 −0.3 22.3 0.0 Yes/Yes
Model averaging 5.7 0.1 0.2 −0.1 6.9 Yes/Yes

25 Nov 2018 Lower bound: ≡R 0tk 24.9 0.4 0.0 −0.3 67.6 0.0 Yes/No
Identical to the last Rt : =R Rtk x 14.9 0.2 0.1 0.1 17.6 0.7 No/Yes
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

18.7 0.2 0.0 0.2 22.6 0.1 No/Yes

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

17.0 0.2 0.0 0.2 20.1 0.2 No/Yes

Linear approximation 24.3 0.4 0.0 −0.3 61.9 0.0 Yes/No
Quadratic polynomial 24.9 0.4 0.0 −0.3 67.6 0.0 Yes/No
Cubic polynomial 24.9 0.4 0.0 −0.3 67.6 0.0 Yes/No
Model averaging 14.8 0.2 0.1 0.1 17.1 No/Yes

28 Oct 2018 Lower bound: ≡R 0tk 16.6 0.4 0.0 −0.3 40.8 0.0 Yes/No
Identical to the last Rt : =R Rtk x 2.5 0.0 0.2 0.0 5.5 0.6 Yes/Yes
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

9.2 0.1 0.2 0.1 9.3 0.1 Yes/Yes

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

5.7 0.1 0.3 0.0 6.9 0.3 Yes/Yes

Linear approximation 12.1 0.2 0.1 −0.2 19.7 0.0 Yes/Yes
Quadratic polynomial 16.6 0.4 0.1 −0.3 40.8 0.0 Yes/Yes
Cubic polynomial 16.3 0.4 0.0 −0.3 40 0.0 Yes/No
Model averaging 16.6 0.4 0.0 −0.3 40.8 Yes/No

7 Oct 2018 Lower bound: ≡R 0tk 5.7 0.1 0.2 −0.1 8.5 1.0 Yes/Yes
Identical to the last Rt : =R Rtk x 81.1 0.5 0.0 0.4 152.6 0.0 Yes/No
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

48.4 0.4 0.0 0.3 78.2 0.0 Yes/No

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

35.6 0.3 0.1 0.3 52.0 0.0 Yes/No

Linear approximation 152.0 0.7 0.0 0.6 332.4 0.0 Yes/No
Quadratic polynomial 228.0 0.8 0.0 0.7 536.4 0.0 Yes/No
Cubic polynomial 311.9 0.9 0.0 0.8 767.3 0.0 Yes/No
Model averaging 39.2 0.4 0.1 0.3 59.1 Yes/No

16 Sep 2018 Lower bound: ≡R 0tk 7.3 0.8 0.1 −0.7 36.5 0.0 Yes/No
Identical to the last Rt : =R Rtk x 5.1 0.4 0.3 −0.3 12.2 0.0 Yes/Yes
Moving average of last two R :t

= + −Rtk
Rx Rx 1

2

4.1 0.3 0.4 −0.3 8.1 0.3 Yes/Yes

Moving average of last three R :t

= + − + −Rtk
Rx Rx Rx1 2

3

3.5 0.2 0.4 −0.2 6.5 0.7 Yes/Yes

Linear approximation 6.7 0.6 0.2 −0.6 24.6 0.0 Yes/Yes
Quadratic polynomial 6.7 0.6 0.2 −0.6 24.6 0.0 Yes/Yes
Cubic polynomial 6.3 0.5 0.2 −0.5 22 Yes/Yes

Epidemic curve shows the date on which the corresponding incidence was released. Weight for each epidemic curve i was calculated as − ∑ −exp( 0.5Δ ))/ exp( 0.5Δ )i i i

where = −AIC AICΔ min( )i C
i

c and AICC
i represents AICC for epidemic curve i and AICmin( )c is the minimum value of AICC among all epidemic curves. All char-

acteristics RMSE , RMSE(abs) (rel), proper score, bias, AICc and weight are derived for two future data points. Included the latest values in the 95% prediction interval
shows if the observed data in first and second forecasted weeks were included within the forecasted 95% prediction intervals. Note that the forecast on 16 September
2018 is not accompanied by model averaging results, because this time point does not have AICc of prior forecast that acts as the weight of different models.
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but there were failures when the incidence abruptly changed over time.
Forecasting exercise was also performed, and similar to nowcasting
results, there were occasional failures, but high average forecast scores
demonstrated the validity and reliability through our extrapolation
approach, using the moving average of the reproduction numbers for
the latest few weeks.

We must recognize that the latest outbreak in DRC from 2018-19
involved not only small epidemic size with spatial heterogeneities in a
data-limited setting but also a large-scale vaccination campaign in real
time. Without knowing the details of vaccination in real time, we have
lost the opportunity to explicitly offer forecasts using a fully mechan-
istic model. Instead, we took a simplistic approach to extrapolating a
part of the mechanistic model, i.e., Rt in the future, using several can-
didate functions. That is, our nowcasting procedure purely rested on a
statistical model, handling the reporting delay distribution, but fore-
casting has involved the extrapolation of future Rt. Even without ex-
trapolation, our nowcasting exercise has shown that its success depends
on the presence of abrupt change in the incidence. Qualitatively, similar
findings were also the case for forecasting, successfully obtaining valid
and reliable forecasts of two future weeks. Among various possibilities
to extrapolate future Rt, the forecast using a moving average of Rt for
the past few weeks outperformed others, including that assumes =R 0t
or an identical Rt to the latest estimate (Fig. 4).

The present study was originally motivated by our desire to in-
corporate the proposed tool of nowcasting and short-term forecasting
into the surveillance practice. Surveillance and mathematical modelling
are two complementary instruments in the toolbox of infectious disease

epidemiologists, and we trust that adding the proposed nowcasting and
forecasting framework will truly improve the situation awareness. In
this regard, we have demonstrated that (i) devising the proposed model,
the situation awareness of the latest two weeks can be considerably
improved by accounting for the reporting delay (Tariq et al., 2019) and
(ii) even with this size of the outbreak, short-term forecasting could be
tackled by imposing small extrapolations to Rt. Only by adding these
two pieces of information to the surveillance data, we believe that the
information that we can gain from the real time update of “situation
report” can be considerably improved.

While the present study addressed reporting delay distribution, it
must be noted that the present study was not able to adjust the re-
porting rate (i.e. under-ascertainment). Unfortunately, we suspect that
many cases remain still unreported because of socially and culturally
difficult nature of the outbreak, e.g. a high fraction of death cases in
community has remained non-confirmed (Shuchman, 2019). In this
regard, it must be remembered that if the reporting rate changed over
time, our modeling results could be considerably biased, which can
result in both over- and under-estimation of Rt.

There are four other limitations to be remembered. First, we did not
include probable cases in estimating Rt which could have resulted in
underestimation especially during the early epidemic period. Second, it
is well known that spatial effects of spread are not fully captured by
non-spatial models (Keeling and Rohani, 2011), but we tackled the
issue of nowcasting and forecasting as if the data were non-spatial.
Third, we were not able to track susceptible individuals’ density in
North Kivu, especially vaccinated individuals, and thus, such

Fig. 3. Comparative performance of forecasts using different methods of future extrapolations. Horizontal axis from left to right: Forecasted number of
confirmed cases, considering only the lower bound, i.e. assuming that Rt is zero; forecasted number of confirmed cases using an identical Rt to the latest estimate,
using moving average over two latest estimates of Rt, over three latest estimates of Rt ; using a linear approximation of Rt, quadratic polynomial of Rt , and cubic
polynomial in forecasting Rt for two future weeks, and lastly, using averaging of all mentioned methods where the weight to each methods are assigned according to
Akaike Information Criterion (AIC) values of the preceding forecast. Each crossed point corresponds to a particular epidemic curve (in total six epidemic curves that
were subject for forecasting exercise). Black squares stand for geometric (filled) and arithmetic (unfilled) means over all forecasts.
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information was not incorporated into the model building process in a
direct manner. Fourth, depending on the locality, the outbreak from
2018-19 is featured by political instability, community resistance (e.g.
vaccine refusals at locality) and conflict, but that point should ideally
be explored in relation to the reporting rate and reporting delay in the
future.

Adhering to the surveillance system, reporting delay and reporting
coverage make it difficult to capture the epidemic dynamics in a timely
manner. Integrating nowcasting and forecasting tool to the ongoing
surveillance, we trust that the proposed simplistic model would permit
a far better interpretation of the awareness toward the current and
future situations of EVD outbreak in the DRC than solely relying on
observed data alone. As we have shown, having epidemic curves by
both illness onset time and reporting time would allow an explicit es-
timation of the reporting delay distribution and nowcasting, and thus,
real time updates on both dimensions should ideally be considered in
updating epidemiological reports.
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